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CoMelSinger: Discrete Token-Based Zero-Shot Singing Synthesis

With Structured Melody Control and Guidance
Junchuan Zhao , Wei Zeng , Tianle Lyu , Ye Wang , Member, IEEE

Abstract—Singing Voice Synthesis (SVS) aims to generate
expressive vocal performances from structured musical inputs
such as lyrics and pitch sequences. While recent progress in
discrete codec-based speech synthesis has enabled zero-shot
generation via in-context learning, directly extending these tech-
niques to SVS remains non-trivial due to the requirement for
precise melody control. In particular, prompt-based generation
often introduces prosody leakage, where pitch information is
inadvertently entangled within the timbre prompt, compromis-
ing controllability. We present CoMelSinger, a zero-shot SVS
framework that enables structured and disentangled melody
control within a discrete codec modeling paradigm. Built on
the non-autoregressive MaskGCT architecture, CoMelSinger re-
places conventional text inputs with lyric and pitch tokens,
preserving in-context generalization while enhancing melody
conditioning. To suppress prosody leakage, we propose a coarse-
to-fine contrastive learning strategy that explicitly regularizes
pitch redundancy between the acoustic prompt and melody input.
Furthermore, we incorporate a lightweight encoder-only Singing
Voice Transcription (SVT) module to align acoustic tokens with
pitch and duration, offering fine-grained frame-level supervision.
Experimental results demonstrate that CoMelSinger achieves
notable improvements in pitch accuracy, timbre consistency, and
zero-shot transferability over competitive baselines. Audio sam-
ples are available at https://danny-nus.github.io/CoMelSinger/.

Index Terms—Singing voice synthesis, zero-shot singing voice
synthesis, voice cloning, neural codecs, deep learning, masked
generative models.

I. INTRODUCTION

S INGING voice synthesis (SVS) aims to transform struc-
tured musical inputs—most often lyrics and pitch se-

quences—into expressive, high-quality vocal performances.
Over the past decade, it has moved from a niche research topic
to an essential tool in creative audio technologies, propelled by
the rise of AI-driven music generation, virtual performers, and
personalized media experiences. Its applications now extend
well beyond traditional karaoke systems, finding a place in
virtual idol production, game soundtracks, and content creation
for social platforms. Parallel to these expanding use cases, ad-
vances in deep generative models have brought marked gains
in timbre fidelity, pitch accuracy, and the overall naturalness
of synthesized voices [1], [2], [3], [4], [5], [6], [7], [8].

Recent SVS frameworks, including end-to-end [6], [9] and
diffusion-based architectures [3], [4], [8], [10], [11], have
demonstrated strong performance in supervised scenarios with
seen singers. Nevertheless, zero-shot SVS [12] [13], [10],
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Fig. 1: Illustration of pitch leakage in prompt-based SVS.
Despite conditioning on lyrics (semantic tokens) and pitch
tokens, the model may still infer prosodic cues from prompt
acoustic tokens, leading to pitch or prosody leakage.

[14]—synthesizing singing voices for unseen speakers without
additional fine-tuning—still has substantial room for improve-
ment.

Discrete token-based architectures show great in-context
learning capabilities and provide a promising pathway for such
zero-shot generation. In a related task, text-to-speech (TTS)
has witnessed rapid progress with discrete acoustic tokens
derived from vector quantization and neural audio codecs [15],
[16], [17], [18], [19]. By mapping complex waveforms into a
quantized latent space, these tokens capture timbre, prosody,
and phonetic content, thereby reformulating speech synthesis
as symbolic sequence modeling akin to language modeling.
The success of token-based TTS systems is largely enabled
by large-scale multi-speaker corpora, which provide sufficient
diversity to learn robust and generalizable representations. In
contrast, the scarcity and limited diversity of singing data make
token-based modeling for SVS significantly more challenging.

Built upon this data-rich foundation, recent TTS systems
[15], [18], [20], [21], [16], [17], have adopted large language
model (LLM)-style architectures to model the conditional
distribution of acoustic tokens given phoneme sequences and
optional prompts. Within this framework, in-context learning
(ICL) becomes feasible: a short segment of reference speech,
represented as discrete tokens, serves as an acoustic prompt
to guide synthesis in terms of speaker identity and style. This
approach, exemplified by models such as VALL-E [15], en-
ables zero-shot speech synthesis by treating speech generation
as a form of conditional codec language modeling, without
requiring speaker labels or model adaptation. Inspired by these
advances, researchers have begun exploring discrete token-
based methods for SVS.
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However, directly extending TTS by replacing textual in-
put with structured musical inputs—such as lyrics and pitch
tokens—while reusing the same modeling pipeline reveals a
unique challenge in the singing domain: prosody leakage from
the acoustic prompt, as illustrated in Figure 1. In prompt-
based synthesis, the acoustic prompt is intended to provide
timbral cues, yet pitch-related attributes—including contour
and timing—are often inadvertently encoded into its latent rep-
resentation. This unintended encoding leads to timbre–melody
entanglement, where the prompt simultaneously influences
vocal timbre and melodic realization. As a result, the sys-
tem’s control over the explicitly specified pitch sequence is
weakened, undermining the precise separation between timbre
conditioning and melody generation that SVS requires.

The disparity in dataset size between singing [22], [23],
[24], and speech [25], [26], [27], further exacerbates the
difficulty of addressing prosody leakage. Importantly, the
effectiveness of in-context learning in TTS relies on large-
scale, diverse speech corpora, which enable robust learning
of disentangled token representations. In contrast, singing
datasets are generally smaller and less varied, making it harder
to avoid prosodic interference and to generalize prompt-based
conditioning. Consequently, directly transferring token-based
prompting strategies from TTS to SVS often leads to weaker
melody control in zero-shot scenarios. In this case, achieving
reliable melody control is particularly crucial for maintaining
alignment with the musical score.

Moreover, SVS requires much finer control over pitch
and melody than TTS or voice conversion, as the gener-
ated singing must accurately follow the musical score while
preserving timbre. Although attribute control has been ex-
plored through adversarial training [19], contrastive learn-
ing [28] [29], and information-bottleneck methods [30] [31]
[32] [33], these approaches primarily focus on coarse prosodic
patterns or emotional cues and provide limited support for
fine-grained melody control. Make-A-Voice [12], as a repre-
sentative discrete-token SVS system, adopts prompt-guided
conditioning but lacks explicit mechanisms to prevent the
acoustic prompt from influencing melody realization. Recent
unified speech-and-singing models such as Vevo 1.51/2.0 [34]
take a representation-level perspective by introducing melody-
or prosody-aware tokenizers that explicitly model musical F0
structures, aiming to reduce melody leakage through improved
disentanglement. However, these approaches typically rely on
external melody audio (e.g., piano or humming recordings)
as conditioning signals, which can introduce alignment ambi-
guities between melody and lyrics and limit the precision of
fine-grained melody control.

To address the challenges of prosody leakage and lim-
ited melody controllability in zero-shot SVS, we propose
CoMelSinger, a discrete codec-based framework with struc-
tured melody control. CoMelSinger builds on the non-
autoregressive MaskGCT architecture [18], adapting it to
accept musical inputs consisting of lyrics and pitch tokens.
To achieve better melody–timbre control, we introduce a
coarse-to-fine contrastive learning strategy that limits exces-

1https://github.com/open-mmlab/Amphion/tree/main/models/svc/vevosing

Fig. 2: Comparison of SVS system architectures. (a) Two-
stage pipeline using a pre-defined continuous intermediate
representation. (b) End-to-end system mapping directly from
musical input to audio. (c) HiddenSinger-style [3] system
employing a pretrained audio codec, with frozen components
during codec prediction and audio synthesis (dashed outlines).
(d) Three-stage SVS systems such as Make-a-Voice [12]
and our proposed CoMelSinger, utilizing discrete intermediate
representations.

sive pitch-related information in the acoustic prompt, allowing
the explicit pitch condition to guide melodic realization more
effectively. We further incorporate a lightweight, encoder-only
Singing Voice Transcription (SVT) module to provide fine-
grained, frame-level supervision by aligning acoustic tokens
with pitch and duration sequences. Together, these designs en-
able accurate melody modeling, maintain timbre consistency,
and preserve the in-context learning capability of discrete
token-based systems. Extensive experiments on both seen and
unseen singers demonstrate that CoMelSinger delivers sub-
stantial improvements in pitch accuracy, timbre consistency,
and overall synthesis quality compared with state-of-the-art
SVS baselines in zero-shot scenarios. The main contributions
of this work are:
� We propose CoMelSinger, a discrete token-based SVS

framework for zero-shot synthesis with structured melody
control.

� We introduce a coarse-to-fine contrastive learning mech-
anism to improve melody–timbre control by limiting ex-
cessive pitch-related information in the acoustic prompt.

� We develop a lightweight SVT module that aligns acous-
tic tokens with pitch and duration, providing frame-level
supervision to improve melody fidelity.

� Comprehensive experiments on public SVS datasets
demonstrate that CoMelSinger achieves superior pitch ac-
curacy, timbre consistency, and generalization to unseen
singers.

II. RELATED WORKS

A. Singing Voice Synthesis

Singing voice synthesis (SVS) aims to produce expressive
vocal performances from structured musical inputs such as
note pitch, duration, and lyrics. Compared with text-to-speech
(TTS), SVS presents unique challenges, including a wider

https://github.com/open-mmlab/Amphion/tree/main/models/svc/vevosing
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pitch range and sustained phonation, which demand fine-
grained melody modeling. Figure 2 illustrates the evolution
of representative SVS architectures, from continuous-feature
pipelines to end-to-end models and, more recently, discrete
codec-based frameworks. Early SVS systems relied on unit-
selection synthesis (e.g., VOCALOID [35], [36]) or statistical
approaches based on hidden Markov models (HMMs) [37].
With the advent of deep learning, SVS models increasingly
adopted a two-stage architecture—comprising an acoustic
model followed by a vocoder—including XiaoiceSing [38],
DeepSinger [39], and Sinsy [2]. Subsequent advances incor-
porated generative adversarial networks (GANs) [40], [41]
to enhance timbre realism, while more recent work using
denoising diffusion probabilistic models (DDPMs) [4], [8] has
achieved further gains in fidelity and temporal coherence. In
parallel, end-to-end systems such as VISinger 1/2 [6], [9] have
been developed to generate waveforms directly from musical
scores without relying on explicit intermediate features.

Inspired by the success of discrete token modeling in
TTS [15], [16], [18], recent SVS studies have explored token-
based representations to improve generalization. TokSing [42]
employs a non-autoregressive Transformer conditioned on
lyrics and pitch embeddings to predict discrete acoustic tokens.
HiddenSinger [3] integrates a diffusion-based decoder guided
by discrete pitch and semantic tokens, achieving high-quality
synthesis. Make-A-Voice [12] unifies speech and singing
synthesis through a shared discrete representation, but uses
a relatively small proportion of singing data and does not
incorporate prompt-based in-context learning. Consequently,
it lacks explicit melody conditioning and provides limited
flexibility in zero-shot singing scenarios. Recently, models
such as Vevo 1.5/2.0 [34] have proposed addressing melody
leakage through melody- or prosody-aware tokenizers that
explicitly model musical F0 structures. While these methods
mitigate melody leakage by redesigning the tokenizer, our
work focuses on improving melody control within a prompt-
based SVS framework by introducing explicit melody inputs
and regulated prompt-based conditioning, enabling more ac-
curate and controllable zero-shot singing voice synthesis.

B. Discrete Token Based Speech Synthesis

Discrete speech modeling has gained momentum following
advances in self-supervised learning (SSL) for speech repre-
sentation. Models such as HuBERT [43] and Wav2Vec 2.0 [44]
learn meaningful latent representations from raw audio, which
can be quantized into discrete units for downstream tasks.
These discrete units provide compact and controllable rep-
resentations, enabling applications such as low-bitrate speech
coding and voice conversion.

Inspired by the success of large language models (LLMs),
recent approaches formulate speech synthesis as autoregres-
sive generation over discrete codec tokens. VALL-E [15]
pioneered this direction by conditioning on both text and a
short acoustic prompt to synthesize high-fidelity speech. Its
extensions—VALL-E X [45], VALL-E 2 [46], and VALL-
E R [47]—extend the paradigm to cross-lingual synthesis,
streaming generation, and improved alignment. SoCodec [20]

further improves efficiency through semantic-ordered multi-
stream tokenization and segment-level modeling. Through
prompt-based conditioning, these models demonstrate strong
zero-shot capability and robust speaker generalization.

To reduce inference latency, non-autoregressive (NAR) de-
coding frameworks have been developed. SoundStorm [21]
employs a bidirectional Transformer with confidence-based
masked token modeling, generating audio tokens in parallel
while maintaining autoregressive-level quality. Multi-token
prediction and speculative decoding [48] further accelerate
synthesis by predicting multiple codec tokens per decoding
step. MaskGCT [18] adopts a masked generative training
strategy inspired by masked language modeling, enabling fast
and parallel decoding while supporting in-context learning
through prompt-aware input masking.

Building on this foundation, we adapt the MaskGCT frame-
work to singing voice synthesis. Our approach incorporates
structured melody conditioning and improved melody–timbre
control in prompt-based synthesis to address the challenges of
pitch fidelity and prosody leakage in zero-shot settings. This
design improves controllability over melodic realization while
preserving the inference efficiency and generalization strengths
of discrete token-based modeling.

C. Prosody and Melody Control in Speech and Singing Voice
Synthesis

Fine-grained prosody control—particularly over fundamen-
tal frequency (F0) and phoneme duration—is essential for
expressive speech and singing synthesis. Several TTS stud-
ies have incorporated explicit prosodic supervision to guide
model learning. Prosody-TTS [49] augments an end-to-end
architecture with auxiliary predictors for phoneme-level F0
and duration, enabling precise rhythm and pitch control with-
out degrading naturalness. [50] adopt utterance-level prosodic
features in a hierarchical non-autoregressive model, providing
interpretable style modulation across prosodic dimensions
while maintaining synthesis quality.

Recent advances extend prosody control to diffusion-based
synthesis. DiffStyleTTS [51] combines a diffusion decoder
with classifier-free guidance to model prosodic style at
both coarse and phoneme-level scales, supporting flexible
pitch–duration manipulation. DrawSpeech [52] enables editing
by conditioning on user-drawn pitch–energy sketches, which
are refined into high-resolution prosody contours.

In SVS, accurate melody control often requires note-level
F0 alignment. [53] combine dual-path pitch encoders with
local style tokens to capture expressiveness beyond score
constraints. Discrete-token SVS frameworks such as TokSing
[42] incorporate explicit melody tokens to enrich synthetic
singing, while Prompt-Singer [54] decouples vocal range from
melody contour in prompt conditioning to preserve pitch
accuracy across timbres.

Despite these advances, few systems address conflicts be-
tween external melody guidance and prompt-derived timbre
cues in discrete-token SVS. We address this gap by intro-
ducing coarse-to-fine contrastive learning with frame-level
pitch supervision to reduce melody leakage from prompts
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Fig. 3: Overview of CoMelSinger. It adopts a two-stage
pipeline: a T2S model encodes lyrics into semantic tokens,
and an S2A model generates acoustic tokens conditioned on
lyrics, pitch, and prompt. SVT provides pitch supervision. All
modules except S2A are frozen during training.

and strengthen external melody control, enabling high-fidelity
pitch realization without sacrificing timbre consistency or
generalization.

III. METHOD

A. Overview

To enable zero-shot singing voice synthesis with accurate
melody control and disentangled prompt conditioning, we
propose CoMelSinger, a two-stage framework illustrated in
Figure 3. Inspired by MaskGCT [18] and Make-A-Voice [12],
CoMelSinger comprises a Text-to-Semantic (T2S) stage and
a Semantic-to-Acoustic (S2A) stage. The T2S module fT2S

transforms a lyric token sequence ~ml = [ ~ml
1; : : : ; ~ml

S ] 2 VSlyr,
obtained from a Grapheme-to-Phoneme (G2P) converter, and
a semantic prompt sr = ES(wr) extracted from the reference
waveform wr, into a semantic token sequence s 2 VLsem, where
Vsem denotes the semantic vocabulary and L the sequence
length. The S2A module fS2A then predicts acoustic tokens
a 2 VL�Naco , conditioned on the semantic tokens s, an acoustic
prompt ar = EA(wr) 2 VLr�N

aco , and a regulated pitch
sequence ~mp 2 VLpit. Here, N denotes the number of residual
vector quantization (RVQ) codebooks in the acoustic codec,
and the regulated pitch sequence ~mp is derived from the pitch
mp and duration md sequence through the length expan-
sion module LE(�). Both the semantic and acoustic tokens
are produced using discrete codec tokenizers following the
MaskGCT setup, and the final waveform wo is reconstructed
from acoustic tokens via the decoder DA. The complete

pipeline is summarized as:

sr = ES(wr); ar = EA(wr);

s = fT2S(ml; sr);

a = fS2A(LE(mp;md; L); s;ar);

wo = DA(a):

(1)

To synchronize pitch information with frame-level features,
we map phonetic durations onto the frame index space. Given
a pitch sequence mp with corresponding durations md, the
total duration is D =

P
im

d
i . For each pitch token mp

i , its
frame span is derived by rounding the cumulative normalized
duration:

kstart;i =
� ci�1

D L
�
; kend;i =

�
ci

DL
�
; ci =

iX
j=1

md
j ; (2)

where L denotes the length of the semantic feature sequence.
The frame-aligned pitch sequence ~mp is then obtained by
repeating each mp

i for ni = kend;i�kstart;i frames, ensuring an
exact length correspondence with the semantic features.

Following MaskGCT [18], CoMelSinger adopts a non-
autoregressive masked generative modeling paradigm for both
stages. In this framework, the model learns to reconstruct
masked tokens within a sequence conditioned on surrounding
context and external inputs, rather than generating tokens
sequentially. This allows for parallel decoding and better han-
dling of global context compared to traditional autoregressive
models. Specifically, we model the conditional probabilities:
p(s j st; ml; sr; f�;T2S); p(a j at; s; ~mp;ar; f�;S2A). Here,
st and at are the partially masked semantic and acoustic token
sequences, and the generation is conditioned on lyric inputs
ml, pitch-aligned sequence ~mp, and prompt tokens (sr;ar).

Building upon the original MaskGCT architecture, which
employs a LLaMA-style Transformer backbone [55], we ex-
tend the S2A model by introducing an additional embedding
layer for the regulated pitch sequence ~mp. This pitch embed-
ding ep is element-wise added to the semantic token embed-
ding es to form the composite conditioning input ec = ep+es,
thereby enabling the model to incorporate both linguistic and
melodic information during acoustic token generation.

To further enhance melody controllability and suppress
interference from prompt-induced timbre cues, we propose a
coarse-to-fine contrastive learning framework. At the sequence
level, a contrastive loss encourages the predicted acoustic
token sequence a to preserve the overall pitch contour defined
by ~mp. At the frame level, a token-wise contrastive objec-
tive aligns fine-grained acoustic features with localized pitch
variations, thereby reinforcing frame-level pitch fidelity. In
addition, we introduce an auxiliary singing voice transcription
(SVT) model, trained to estimate pitch sequences directly
from acoustic tokens. The SVT model provides pseudo pitch
labels that serve as external supervision during S2A training.
This auxiliary signal further improves alignment between the
synthesized melody and the target pitch contour.

B. Coarse-to-Fine Contrastive Learning

Contrastive learning has been increasingly adopted in
speech and audio modeling to enforce factor-specific con-
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